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TASKS OF WIRELESS SENSOR NETWORKS
(WSN)

@ monitor physical and environmental conditions
o perform surveillance tasks (target detection,
localization, and tracking)

WSN CHARACTERISTICS

Sensors

o deployed over a region according to a regular pattern
(e.g. grid), at random, or in an ad hoc manner

@ collect information about the surrounding
environment

@ have fairly limited data processing capabilities

@ communicate with other sensors and a remotely
located (fusion) center

Fusion center processes data from sensors and makes a
alobal (and more precise) situational assessment.
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TARGET LOCALIZATION: PROBLEM o

LOCALIZATION IN

FORMULATION Wine ess Serso
@ N sensors deployed over the monitored region TaRGer
@ A target at location v emits a signal of strength S AND TRAGKING
@ Sensor i located at position s; obtains energy
readings

Ei =Si + & = SoCy(di(V)) + €,

where §;(v) = ||v — si||, C,(-) is a monotone signal
decay function, C,(0) = 1.

@ Assume random noise ¢ are i.i.d.
@ Each sensor makes a decision Y; = 1(E; > 7)
o 7 is a function of an individual sensor false alarm

probability
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@ Overview: surveillance monitoring (Estrin, 2006); AND TRACKING

o Information Fusion and Target Detection:
(Clougueur, 2001, Katenka et al., 2006).

o Localization: radar systems (Abdel-Samad and
Tewfik,1999); energy based methods (Kaplan,2001;
Li,2002; Sheng, 2003; Blatt and Hero, 2006); binary
decisions based methods (Niu and Varshney, 2004;
Noel, 2006; Ermis and Saligrama, 2006).
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e
NETWORKS
M1: S; = Soexp(—d(Vv)/n)?), B
So P e

M2:Sj=—————.
L1 (Gi(v)/n)®
where 7 is a tuning parameter

o M1 is appropriate for capturing temperature
attenuation patterns (example below)
o M2 is widely used for acoustic signals

oooooooo




DECISION FUSION FOR THE WSN

ORDINARY DEcCISION FusioN (ODF)

@ Only positive decisions Y; are transmitted to fusion
center = low communication cost

@ More robust to noise than energy-based methods
(value fusion)

LocAL VOTE DECISION FusioN (LVDF)

© Sensor i makes an initial decision Y; and
communicates it to all sensors in its neighborhood

u(i)
@ Given the set of decisions {Y; : j € U(i)}, sensor i
adjusts its initial decision according to a majority

vote:
Zi=1() Yj>M/2),
jeu(i)

where M; = |U(i)] is the size of the neighborhood
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SURVEILLANCE TASKS

Given the energy measurements E;, or binary initial Y;, or
corrected Z; decisions,

© detect the presence of a target
@ identify target location v = (vy, vy)
© estimate the strength of the signal Sy

© with information available over time, track target
trajectory through the monitoring region

Remark: In the remainder, it is assumed that all
communication tasks have been resolved.
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COMPETING ESTIMATORS

@ ML(E) Maximum mikelihood estimation based on
energy readings E; (gold standard)

Q@ ML(Y) Maximum likelihood estimation based on
original decisions Y;

© ML(Z) Maximum likelihood based on corrected
decisions Z;

© Hubrid methods that combine energy readings E;

from sensors that returned a positive decision and
imputed energy readings from the remaining sensors
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TARGET LOCALIZATION FROM ODF

Let § = (vx,Vy, So, o?,n) vector of unknown parameters.
Assuming Gaussian i.i.d. noise with 0 mean and variance
0'2, E ~ N(Socn(é(V)),Uz), {Y,} ~ BernouIIi(ai)

ai(f) = 1 — O(Ai(9)),
where A;(6) = %n(ﬁi(v)).

o Direct numerical maximization of the log-likelihood
function of {Y;}:

N
ty(0) = [Yilogai(8) + (1 - Yi)log(L — ai(6))]

i=1

o Expectation-Maximization (EM) algorithm.

MICHAILIDIS.
ROBUST TARGET
LOCALIZATION IN
WIRELESS SENSOR

NETWORKS

TARGET
LOCALIZATION
AND TRACKING



TARGET LOCALIZATION FROM ODF

EXPECTATION-MAXIMIZATION (EM) ALGORITHM

M-step:
&, = L BCy(Bi(v)
ML C2(6i(v))
1 N
“Z:NE (Ei — SoC,(8i(v)))?
E-step:

Ei = E[E|Y] = E[Ei]Yi]

T Xpe (x)d
E[E;|Y; = 0] = % )

o exp (— v

= SOCn(éi (V)) - \/ZCD(—Ai(ZG)Z)
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o Direct log-likelihood is complicated (Z; correlated)
@ Use pseudo-likelihood (assuming Z; independent)
TARGET

° Assume for neigthij € U(I)’ LOCALIZATION
IED(YJ = 1) ~ IED(Y| == l) AND TRACKING

Let 5i(0) = P(Z; = 1),
M
P(Z; = 1) :P(.Z Y, > %) ~ Y <I\k/|>a=<(l_ai)M—k

The pseudo-loglikelihood function for the adjusted
decisions Z; is given by:

N
(2(0) =) [Zilog 5;(60) + (1 — Zi) log(1 — 4(6))] -
i=1
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Expectation-Maximization Algorithm
@ M-step is the same as for ODF Tascer
e E-step requires calculating E[E;|Z]: BB TRASIINE

P[Ei|Z] = ﬁ kglp(EthYi =K)P(Y; =k) =

. P(EilYi = K)P(Z[Y; = K)P(Y; =k)

P2) S

E[E|Z] = Y EE]Y; =k)P(Y; =k|Z)
k=0,1
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EEZ] = Y EEY =k)P(Y; =k|Z)
k=0,1

o E[E|Y;] obtained in the E-step for ODF
o P(Y; =k|Z) to be calculated as:
117y - BV = DP(Z]Y; = 1)
P(Y; =1|Z) = BZ)

P(Z|Y; = 1)
- 1 =)

jieu()




HYBRID LOCALIZATION METHODS B
e
NETWORKS
Using the energy readingsfromY; =l1orZ; =1 Tascer

AND TRACKING

@ Reduces communication cost relative to ML(E)
@ Improves localization relative to ML(Y) or ML(Z)
Impute remaining energy readings by:

e Hybrid Expectation Maximization (HEM): model
Ei = E[Ei|Y; = 0] for ODF and
Ei = E[Ei|Z], i€ {Zi = O}

o Hybrid Maximum Likelihood (HML): set Ei =1 for
ie{Y;=0}(ie{z =0}



PERFORMANCE EVALUATION

SIMULATION STUDY SETUP

@ Focuse on the target location v and the signal
amplitude Sy estimation

@ Assume the parameters n and 2 are known
@ Gaussian noise with mean zero, variance &2

@ WSN deployed on a 20 x 20 grid in the unit square,
true target location v = (1/4,1/4), Sp = 2, the
individual sensor’s false alarm v = 0.1, and the
network’s false alarm F = 0.1.

@ signal-to-noise ratio SNR = Sp /o

o all the algorithms detected the target according to
their respective detection algorithm

MICHAILIDIS.
ROBUST TARGET
LOCALIZATION IN

WIRELESS SENSOR
NETWORKS

PERFORMANCE
EVALUATION



AVERAGE DISTANCE (AVGD) FROM THE TRUE LOCATION V AS A

FUNCTION OF SNR

SNR ML(E) [[ ML(Y) | EM(Y) [ HML(Y) | HEM(Y)
Model M1, = 0.1

2 0.208 0.576 | 0.223 0.329 0.236

5 0.011 0.502 | 0.113 0.275 0.066

10 0.005 0.421 | 0.028 0.221 0.006
Model M2, = 0.1

2 0.164 0.388 | 0.119 0.226 0.111

5 0.011 0.101 | 0.018 0.031 0.012

10 0.005 0.064 | 0.017 0.021 0.005

SNR ML(E) ]| ML(Z) | EM(Z) [ HML(Z) | HEM(Z)
Model M1, = 0.1

2 0.208 0.077 | 0.056 0.075 0.089

5 0.011 0.019 | 0.020 0.012 0.012

10 0.005 0.019 | 0.016 0.010 0.006
Model M2, = 0.1

2 0.164 0.066 | 0.050 0.093 0.049

5 0.011 0.022 | 0.021 0.012 0.012

10 0.005 0.020 | 0.020 0.006 0.005
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SNR=5 (M1) SNR=5 (M1)



TRUE MODEL M2 MISSPECIFIED ASM1 WITH

01
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o (a) the difference between average distances from
true v for misspecified and true models

@ (b) the difference between RMSE of S, for
misspecified and true models
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TRUE NOISE DISTRIBUTION t3 MISSPECIFIED AS ot

LOCALIZATION IN

GAUSSIAN, WITH SNR=5 WIRELESS SENSOR

NETWORKS
o
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02 [—a—w®
—©— ODF EM(Y)

0.15[ | —@— LVDF EM(2)

PERFORMANCE
EVALUATION
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o (a) the difference between average distances from
true v for misspecified and true models

@ (b) the difference between RMSE of éo for
misspecified and true models



SUMMARY OF SIMULATION RESULTS R
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@ in the low SNR (2) regime, LVDF clearly outperforms
the "gold standard”

o for the medium and high SNR regimes, LVDF
exhibits a competitive performance (HEM(Z)
essentially the same as the "gold standard”) PERFORMANCE

EVALUATION
o for the ODF based algorithms, the EM version
significantly outperforms ML(Y)

o for larger values of SNR the accuracy of all the
algorithms improves

o the ML(E) algorithm, together with both variants of
the LVDF algorithms approx. achieve the nominal
level of 95% for all SNRs examined, whereas the
ODF ones fall short

@ LVDF proves to be robust to signal model and to the
noise distribution misspecification



TRACKING OF MOVING TARGETS

o Examine the performance of the various algorithms
when it comes to tracking the position of a target
moving through the monitoring region

@ Assume sensors record energy readings at time slots
t =1,2,... and make decisions at each time slot

@ Combine the results for target location and signal
maghnitude over time using an exponentially weighted
moving average scheme (EWMA):

Vi :)\\7t +(1—)\)Vt_1, t= 1,2,"'
Sot = ASpt + (1 — A)Sq, 11y, t =1,2,---

@ use Vi_; as a starting value for localization at time t
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TARGET TRACKING

@ Scenario: Target moving from west to east through
the middle of the monitoring region; signal is
stationary Spt = 2 with SNR=2

Scenario 1:AVGD Scenario 1:Trajectory
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SIGNAL DIAGNOSTICS Rt
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@ Scenario 2: Target is stationary at v = (0.25,0.25);
the signal amplitude evolves over time,
So(t) = 2/(1 4 0.01(t — 10)?).

MOVING TARGETS

Scenario 2:RMSE Scenario 2:Diagnostics



MULTIPLE TARGETS. PROBLEM FORMULATION

There are p possible targets in the monitored region, and
each target at location v; € R emits a signal S = S;(v;)
measured at sensor location s;. The energy measured by
the i-th sensor is:

p
Ei=S+¢= Zsi(Vj)-i-ei,
=1

where S;(v;) = S{)Cm (I[si — vjl|,n;) is the signal model for
the targetj, j =1,..,p.

@ The detection techniques are extended to the
multiple target detection problem.

@ The multiple target localization is more challenging,
when the number of targets present is unknown.
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THE TWO-TARGET SIGNAL AND MEASURED Micraiors,
ENERGIES GENERATED BY MODEL M1 ws

s{M =5,v; = (0.25,0.75), S? = 2, v, = (0.75,0.25),
m = 1z = 0.07; the noise with o = 1.



HEURISTIC ALGORITHM FOR MULTIPLE R
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© Obtain initial (ODF) or corrected (LVDF) decisions.

@ Apply a clustering technique to the locations of
positive decisions. The number of targets may be MOVING TARGETS
assumed known or the clustering technique can be
used to estimate the number of targets.

© Apply any of the localization and signal estimation
techniques described before to each of the clusters
separately to obtain location and signal amplitude
estimates for each target.
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LVDF (top row) and ODF (bottom row)

Normalized Cuts K-Means Connected Components
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CONCLUDING REMARKS R
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The LVDF algorithms prove to be:
@ highly accurate in terms of location estimation
@ robust to the presence of high levels of noise

MOVING TARGETS

@ robust to signal model and noise distribution
misspecifications
De-noising LVDF property helps:
@ estimating number of multiple targets and their
location
@ scheduling sensor sampling regime
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